Since the pioneering work of Plaxco, Simons, and Baker, it is now well known that the rates of protein folding strongly correlate with the average sequence separation (absolute contact order (ACO)) of native contacts. In spite of multitude of papers, our understanding to the basis of the relation between folding speed and ACO is still lacking. We model the transition state as a Gaussian polymer chain decorated with weak springs between native contacts while the unfolded state is modeled as a Gaussian chain only. Using these hamiltonians, our perturbative calculation explicitly shows folding speed and ACO are linearly related when only the first order term in the series is considered. However, to the second order, we notice the existence of two new topological metrics, termed COC 1 and COC 2 (COC stands for contact order correction). These additional correction terms are needed to properly account for the entropy loss due to overlapping (nested or linked) loops that are not well described by simple addition of entropies in ACO. COC 1 and COC 2 are related to fluctuations and correlations among different sequence separations. The new metric combining ACO, COC 1 , and COC 2 improves folding speed dependence on native topology when applied to three different databases: (i) two-state proteins with only α/β and β proteins, (ii) two-state proteins (α/β, β and purely helical proteins all combined), and (iii) master set (multi-state and two-state) folding proteins. Furthermore, the first principle calculation provides us direct physical insights to the meaning of the fit parameters. The coefficient of ACO, for example, is related to the average strength of the contacts, while the constant term is related to the protein folding speed limit. With the new scaling law, our estimate of the folding speed limit is in close agreement with the widely accepted value of 1 μs observed in proteins and RNA. Analyzing an exhaustive set (7367) of monomeric proteins from protein data bank, we find our new topology based metric (combining ACO, COC 1 , and COC 2 ) scales as N 0.54 , N being the number of amino acids in a protein. This is in remarkable agreement with a previous argument based on random systems that predict protein folding speed depends on exp (− N 0.5 ). The first principle calculation presented here provides deeper insights to the role of topology in protein folding and unifies many parallel arguments, seemingly disconnected, demonstrating the existence of universal mechanism in protein folding kinetics that can be understood from simple polymer physics based principles.
I. INTRODUCTION
Plaxco, Simons, and Baker made the observation that native topology of a protein determines its folding speed. 1, 2 Their work showed a metric termed contact order (CO) computed based on the average sequence separation of different contacts in the native state when normalized over chain length has a remarkable correlation with folding rate over six orders of magnitude. Formally, CO is defined as
where c i, j is the set of contacts between residue i and j that are within a cutoff distance r c in the native structure of the protein, n c is the total number of such contacts, and N is the number of amino acids present in the protein. However, later work showed it is the absolute contact order (ACO) that better correlates with the folding rate when applied to a bigger data set of proteins. The main distinction between ACO and CO is ACO is not normalized with the number of amino acids N and a) Electronic mail: kghosh@du.edu. It is now widely believed that the log of the folding rate k f and ACO obey the relation: ln k f = a + bACO 1, 3, 4 with a and b being the best fit parameters.
While the above model highlights the role of native structure on the folding speed, a simpler but compelling argument has been put forward by Thirumalai et al. based on the number of amino acids (chain length) of the protein alone. 5 Using results from random systems, it has been argued that the folding rate k f follows a relation k f ≈ k 0 exp (− AN 1/2 ), where A is some constant. When applied to a bigger data set, the chain length/number of amino acid scaling has a lower correlation than ACO scaling although a clear universal dependence on the number of amino acids (N) is still observed. 3 Recently, the same chain length dependent formula has been successfully used in RNA folding 6 pointing out the importance of similar arguments in general in the context of biopolymers.
While the argument due to Thirumalai 5 is based on random systems, the ACO dependence of folding speed can be intuitively understood using entropic arguments. A naive explanation is the entropy loss due to a contact formation between residue i and j would be a function of the sequence separation (|i − j|). Hence, the entropy loss due to all contacts would be the simple addition of |i − j| over all the contacts, yielding Eq. (1.2). However, no first principle derivation is known for this scaling law. Due to the lack of a formal derivation, one can ask several unanswered questions as: (i) Why does ACO depend on linear power of sequence separation and not any other function of |i − j|? (ii)What are the physical meaning of the best fit parameters a, b? (iii) How does one account for overlapping loops when entropy loss is not additive? In other words can we use addition of entropy when two loops are overlapping, i.e., either nested or linked? Under these conditions, can we still independently add the total contact separations of these two loops to compute ACO? (iii) Are there better topology based metrics that can improve the correlation? (iv) ACO is an average over the distribution of contact separations |i − j|, what would be the role of fluctuation of this quantity ? These questions resulted in a plethora of work. Numerous work focused on different topology based metric (long range order as an example 7 ) or combined the topology based metric ACO with the protein chain length. 3 Different functions of chain length dependent folding rate have been proposed. [8] [9] [10] Recent work from Lane and Pande suggests an alternate chain length dependent scaling rationalized by a different argument using hub-like model of proteins.
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Earlier work of Dill et al. addressed the issue of overlapping contacts and introduced a new concept of effective contact order (ECO). 12, 13 On the other hand, Plotkin et al. 14, 15 demonstrated the role of fluctuations in energy and sequence separation on folding speed. Such fluctuations due to native state heterogeneity can enhance folding speed. 14 Liang et al. suggested a different metric using Voronoi criterion to predict folding speed. 3 Recently, Ozkan and Zou 4 have divided the set of native contacts into local and non-local to investigate their relative roles in the folding speed. In a complementary approach, Chan and his co-workers established the role of desolvation barrier to explain diversity in folding rates. Simulated folding speeds based on coarse grained native-centric models and implicit water desolvation model 16, 17 correlate well with native topology as well. Earlier work due to Shakhnovich et al. also studied the effect of local vs non-local contact on folding speed using lattice model simulations. 18 There have been attempts to predict folding rate based on amino acid sequence as well. 3 However, with the exception of a few, 7, 13, 15 none of the approaches provide a general derivation of the metric (such as ACO or other variants of it).
In this work, we take an alternate approach using a polymer model described by Edwards hamiltonian. 19 As described in Sec. II, we model the unfolded state as a Gaussian chain. 19 The transition state is described by a Gaussian chain along with a set of harmonic interactions between residue pairs that are in contact in the native state. The crucial assumption is that the native contacts are already present in the transition state. [20] [21] [22] However, not all the native contacts are necessarily present in the transition state. Thus, the probability of these contacts to be present in the transition state is less than unity, allowing us to model them as weakly formed springs. We compute the transition state partition function and consequently the free energy barrier as a perturbative series in the strength of these weak springs. The first order term in the expansion explicitly demonstrates, for the first time, the folding speed dependence on ACO. However, higher order corrections reveal novel metrics termed COC 1 and COC 2 that extend beyond average sequence separation. These terms capture the fluctuation as well as correlation between different contacts. The correction term effectively distinguishes between overlapping (nested or linked) and non-overlapping contact pairs. The calculation of folding speed to the second order is the central equation in this paper and is applied to the largest data set of protein kinetics to date. The advantage of such a first principle theory and the implication of our formula with the novel topological metric is discussed in Sec. IV.
II. MODEL
We describe the unfolded state partition function (Z u ) with a Gaussian chain hamiltonian 19 as 
2) where contacts between i and j are modeled as harmonic springs and α ij s are related to the spring constants. In our notation, spring energies are normalized in the units of k b T to make α ij dimensionless. T is the temperature and k b is Boltzmann constant. However, we do not know the set of contacts that are present in the transition state. Hence, we model transition state contacts as native state contacts which is a good approximation for well designed proteins. 14, [20] [21] [22] Thus, c ij denotes the set of contacts observed in the native state. However, the protein is not completely folded in the transition state implying these native contacts will form in the transition state with a probability less than unity. Assuming there are n c number of total native contacts, we expect the probability of a particular contact (i, j) in the transition state to be proportional to 1/n c . Thus, we can explicitly write α ij = ω ij /n c where ω ij accounts for the proportionality constant and the spring constant of the contact (i, j). Thus, ω ij is a direct measure of the strength of contact (i, j). If a contact is weakly formed, ω ij will be small. Inserting this in Eq. (2.2), we write the transition state partition function Z t as
Using Eq. (2.1) we can further rewrite Z t as
where the average . . . . is over the ensemble of configurations of a random coil described by the Gaussian hamiltonian. Using F = −k b T ln Z, we describe the difference in the free energy of the transition state (F t ) and the unfolded state (
Assuming the contacts are weakly formed in the transition state, we can use perturbation expansion in small ω. We expand Eq.
Next, we assume proteins are well designed and hence the folding rate (k f ) is an activated process. 15 Thus,
. This is applicable for two-state proteins having only one time scale, evidenced by singleexponential relaxation kinetics. For multi-state folding proteins, we expect the formula to hold good when we consider only the slowest time scale. The speed limit of protein folding in the absence of any barrier is denoted as k 0 . 23 Thus, combining Eqs. (2.5) and (2.6), we can approximate folding speed as
Expanding the logarithm up to the second order in small ω ij , we further simplify
Properties of Gaussian chain propagator yields (R(i) − R(j)) 2 = |i − j| (details on this can be found in the Appendix). Thus, we simplify Eq. (2.8) as
Now we turn our attention to the calculation of the second order term that involves the summation over contact pairs (i, j) and (m, n). In our notation, we define i < j and m < n. As shown in Figure 1 of contact pairs, denoted as: C 1 , C 2 , and C 3 . Contact pairs of type C 1 have no overlapping region, i.e., i < j < m < n or m < n < i < j (see Figure 1(a) ). The second possibility is that the two loops are nested such that contact (i, j) completely encloses the other contact (m, n) or vice versa (see Figure 1(b) ). We term these pairs as C 2 , and would satisfy the constraint i ≤ m < n < j or i < m < n ≤ j (or when the pairs are swapped, i.e., m ≤ i < j < n or m < i < j ≤ n). Finally, the third possibility is two loops are linked, i.e., contacts (i, j) partially share some amino acids with contact (m, n) (see Figure 1(c) ). These type of contact pairs are denoted as C 3 and are defined as i < m < j < n or m < i < n < j. Polymer graphs of this nature have been introduced earlier in the context of excluded volume polymer chains 24 and later in proteins. 13 We now decompose the double summation in the second order term by distributing over contact pairs of types C 1 , C 2 , and C 3 . Furthermore, there will be a sum over single contacts when i = m and j = n, i.e., the two contacts (i, j) and (m, n) are identical. Based on the decomposition and assuming i ≤ m, we now evaluate contributions of the four terms in the double summation as below
where implies the sum is over contact pairs (i, j) and (m, n) that belongs to a particular class of contacts and we used the constraint i < j, m < n and i ≤ m. The constraint i ≤ m is used in the restricted sum to ensure each contact pair is counted only once. However, this restriction requires an additional factor of 2 in the restricted sums above. The details of the derivation of each term can be found in the Appendix. Combining Eqs. (2.9)-(2.13) and collecting terms,
(2.14)
At this point, it is hard to model ω ij which would lead to too many unknowns or parameters. Thus, we resort to a meanfield like argument to reduce the complexity of the problem. We replace ω ij in the first order term by its average ω ij . The average is to be understood over the ensemble of all the contacts (i, j) and is parametrized by ω ij = α 1 . We further notice, the second order correction has two contacts with interaction terms ω ij ω mn or ω 2 ij . We again use a mean-field approximation. First, we approximate ω 2 ij ≈ ω ij 2 neglecting fluctuations in these terms. However, the last two terms in Eq. (2.14) sum over only special contacts of type C 2 and C 3 . A similar approximation to ω ij ω mn may not be valid due to possible correlations among contact pairs of type C 2 or C 3 . Thus, we make another mean-field approximation to replace ω ij ω mn by ω ij ω mn = α 2 . The average . . . . is only over the set of contact pairs of type C 2 and C 3 and not the entire set of contact pairs. We will revisit the implications and importance of introducing the additional parameter α 2 in the discussion section. For simplicity, we assume averages over C 2 and C 3 are identical, avoiding another additional parameter. Thus, with the two mean-field parameters (α 1 and α 2 ), the folding speed is 
The folding speed is now defined as
This is the central equation of our paper, the application and implication of this equation is given in Secs. III and IV.
III. RESULTS
We fit the database of protein folding speeds for two-state and multi-state folding proteins using Eq. (2.17). We take two 
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Protein database approaches to fitting the data. First, we fit data neglecting the second order terms, i.e., contributions due to COC 1 and COC 2 are ignored. We notice this approximation recovers the wellknown result that the folding speed depends linearly on ACO.
The best fit parameters of the linear fit are reported in Table I . The intercept gives the folding speed limit k 0 while the slope is equal to α 1 (the average interaction strength). Next, we use the full expression with the correction term to fit the data. Three best fit parameters (α 1 , α 2 , and ln k 0 ) are obtained and reported in Table I . The calculation of ACO, COC 1 , and COC 2 are done using the atomic coordinate files of proteins from protein data bank (PDB). We use a cutoff distance of 6.5Å to define a contact. Figure 2 shows the application of these two approaches on the largest data set of two-state proteins curated by Ozkan and Zou. 4 We first fit the data using the appropriate expression (ln k 0 − α 1 ACO without the correction, and ln k 0 − α 1 ACO + α 2 1 COC 1 + α 2 COC 2 with the correction) to determine the best fit parameters. Upon determining these parameters, we use these values to construct the metric that best describes the folding speed of each protein. We plot these speeds based on the metric in the x axis, and measured folding speed in the y axis (see Figure 2) . Thus, the straight lines (y = x) in figure show how well the metrics describe experimen- tally observed speed. The correlation is given by the regression coefficients of these lines noted in the figure legend and Table I . The correction terms yield a noticeable improvement in the correlation. Furthermore, fitting with the correction yields a speed limit ∼1 μs in strong agreement with numerous other studies on protein and RNA folding. 6, 23, 25 In order to test the statistical significance of the result, we performed a jackknife test where we computed the best fit parameters, leaving one protein, to predict the rate of the omitted protein.
We then plotted the predicted rate against the actual measured rate for the protein and repeated the process for all the proteins in the data set. We found a correlation coefficient of 0.72 when only ACO is used, compared to 0.75 when the correction terms are used. This provides a rigorous statistical test for the analysis.
Based on our expectation that proteins with beta structures would contribute more to nested and linked loops, we analyzed the data set of two-state folding proteins that are either beta or a mixture of alpha and beta. We exclude purely helical proteins to create the data set of 57 two-state folding proteins that are either beta or a mixture of alpha-beta topology. We apply our new formalism on this set (see Figure 3) . FIG. 3 . Topology dependent scaling of folding rate for two-state proteins with only β proteins and α/β proteins, i.e., the data set excluding purely helical proteins. Red circles denote plots with the experimentally measured folding speed in the y axis and theoretical values (based on 13.6 − 0.81ACO + 0.65COC 1 + 0.08COC 2 ) in the x axis. Blue circles plot the folding speed of proteins in the y axis and 9.5 − 0.3ACO in the x axis. The choice of metric in the x axis was based on the best fit parameters, hence the best fit straight lines (black) represent y = x lines. The correlation coefficients of these lines for respective expressions used are reported in the legend. The data set of β and α/β proteins were collected from Ref. 4 . FIG. 4 . Topology dependent scaling of folding rate for all proteins (two-state and multi-state combined). For the red circles, we plot the folding speed of the protein in the y axis and 13.9 − 0.92ACO + 0.84COC 1 + 0.1COC 2 in the x axis. For the blue circles, we plot the folding speed of the protein in the y axis and 10.7 − 0.4ACO in the x axis. These coefficients yield best fit of the data for all state proteins. Solid circles are the data and the black line is the best fit straight line representing y = x line. The correlation coefficients are reported in the legend. Data set was created by merging the set of two-state 4 and multi-state proteins. 3 The best fit parameters are reported in Table I as before. We notice, the inclusion of the correction terms significantly improves the correlation coefficient from 0.54 to 0.62.
Next, we merge the data sets of two-state and multi-state folders to create a master set and apply our formalism on this set (see Figure 4) . The best fit parameters are reported in Table I . Once again the full expression with COC 1 and COC 2 improves the overall correlation. Using these fit parameters we find the new topological metric (0.92ACO − 0.84COC 1 − 0.1COC 2 ) best describes the folding speed of the master set of proteins. Jackknife test, as outlined above, yields a correlation coefficient of 0.71 when only ACO is used compared to 0.78 when the correction terms are included.
We investigate the dependence of the metric 0.92ACO − 0.84COC 1 − 0.1COC 2 on the number of amino acids N. We explore the set of 7367 proteins from the protein data bank that are monomeric and are not complexed or mutant. We plot the logarithm of (0.92ACO − 0.84COC 1 − 0.1COC 2 ) vs logarithm of N and include only those proteins for which (0.92ACO − 0.84COC 1 − 0.1COC 2 ) is positive. We notice the new metric scales with N 0.54 with a strong correlation (see Figure 5 ). This is in remarkable agreement with the argument that the folding speed of proteins depend on exp (−N 0.5 ).
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IV. DISCUSSION
We performed a calculation of the free energy barrier to investigate the role of native topology on folding speed. We modeled the unfolded state as a random coil and transition state as a random coil with weak springs between two monomers that are in contact in the native state. We assumed the contacts in the transition state are the same as the native state but only weakly formed. 20 The probability of formation of these contacts (i, j) are related to ω ij . In the weak interaction limit, we carry out a perturbative calculation of the partition sum which relates to the folding speed. By making a meanfield approximation in the contact strengths, we note, the first order calculation recovers the linear dependence of folding speed on ACO. To the best of our knowledge, this provides the first direct proof of the well known expression. What is more interesting is the prediction of novel correction terms in the second order. We term them contact order corrections, defined as COC 1 and COC 2 . The physical implications of these terms become transparent from entropic considerations. As seen in Figure 1 and Eq. (2.10), the second order term has no contribution if we consider the pair of contacts that are non-overlapping or independent. However, if the two contacts are partially or completely overlapping, i.e., linked or nested, we have non-zero contributions (Eqs. (2.11) and (2.12)). This indicates ACO alone is not sufficient to account for the effect of overlapping contacts. ACO is a simple addition of sequence separation of all contacts assuming entropy loss due to two contacts are independent. However, when two loops are nested or linked, sharing amino acids, entropy loss cannot be simply additive. ACO must over-estimate entropy loss when there are such overlapping loops. The introduction of COC 2 removes these extra entropic penalties consistent with the positive sign in Eq. (2.17) . This is akin to the idea of ECO discussed by Dill et al. 12, 13 to explain folding kinetics and introduce the idea of zipping in protein folding. Our calculation derives explicit functional forms for such corrections in determining folding speed using Gaussian chain propagator. Furthermore, we note the correction term directly relates to fluctuations. For example, COC 1 in Eq. (2.16) is related to |i − j| 2 where the averaging is over all possible sequence separations. Thus, the role of fluctuations in the sequence separation due to native structure heterogeneity naturally arises in our calculation as well. This is consistent with earlier predictions due to Plotkin et al. 14, 15, 26 Another advantage of our calculation is to provide a physical interpretation of the best fit parameters. For example, the constant term in Eq. (2.17) is related to the folding speed limit (ln k 0 ) while the pre-factor for ACO estimates the average of the interaction strength/probability (ω ij ) of different contacts. The coefficient of COC 2 (α 2 ) provides an average estimate of the strength and joint probability that the contact pairs (of type C 2 and C 3 only) are simultaneously present in the transition state. Thus, applying Eq. (2.17) to extract best fit parameters provides qualitative and quantitative insights to several physical variables over different data sets. Based on the two-state folding proteins, the intercept yields a speed limit of ∼1 μs which is remarkably close to estimates of speed limits reported in proteins and RNA. 6, 23, 25 However, it is interesting to note, when we ignore the second order correction, the speed limit is tenfold higher. Inclusion of correction terms also predict a higher value of α 1 = 0.76 compared to α 1 = 0.4 when only ACO is used. This may imply a higher probability of native contacts being formed in the transition state. This is perhaps not too surprising based on recent studies of Sosnick et al. where ACO in the transition state has been found to be a very high fraction (0.7) of the native state ACO. 21, 22 We further note, α 2 1 (= 0.57) is significantly larger than α 2 (= 0.07), implying α 2 cannot be approximated by α 2 1 . This justifies the need for introducing two parameters, α 2 and α 1 . The significant reduction in α 2 may imply linked/nested contact pairs do not form independently. There may be a strong correlation in the formation of contact pairs of type C 2 or C 3 . We expect the overlap terms to contribute significantly in proteins with long range contacts such as α/β or β proteins compared to helical proteins having local contacts. Based on this hypothesis, we tested our formalism to the set of proteins including both α/β and β proteins. As expected, for the set of two-state folding proteins excluding helical proteins, the inclusion of the correction terms significantly improves the correlation coefficient from 0.54 to 0.62. Moreover, for this restricted data set of two-state proteins, the speed limit is closer to 1 μs when we use the correction terms as opposed to 74 μs when only the first order term (i.e., ACO) is considered.
Next, we apply our model to the master set of proteins combining both two-state and multi-state folders. Although multi-state folders may not follow our formulation due to the presence of many time scales, and misfolding, we use only the slowest time scale for the multi-state folders. It is expected that the faster rates are due to kinetic traps while the slowest rate is associated with the appearance of the structure close to native topology, thus closely resembling folding time scale. 3 We assume the slowest time scale is an activated process. It is again interesting to notice that the correction term yields a value of speed limit closer to the expected 1 μs as compared to 22 μs when only ACO is used. As before, inclusion of the correction term improves the overall correlation providing additional support for the new metric. We observe similar parameter values observed for two-state folders, implying the slowest time scale (responsible for folding) in the multi-state folders shares the same principle as two-state folders. However, the presence of multiple time scales could be due to the formation of non-native interactions in the transition state leading to traps. Topological dereliction 27 due to entropic frustration could be responsible for such multiple time scales and is encoded in the protein sequence itself. Two-state folding protein sequences, on the other hand, are well designed to minimize such frustrations leading to a funnel landscape. [28] [29] [30] As explained earlier, we assumed the slowest time scale for multistate folders are still primarily governed by the formation of native contacts. Thus, we do not consider the presence of nonnative interactions or trapped states here. A different model, recognizing such trapped states, has been used to understand these effects and temperature dependent folding rate. 31 It is worth mentioning that the high degree of correlation achieved on the data set of two-state and multi-state proteins is remarkable and probably the limit that can be achieved using native topology alone to predict the folding rate. We computed third order corrections, involving three contacts terms, to the series as well. However, these terms do not lead to any appreciable improvement in correlation. Based on this finding, we anticipate the remaining scatter is possibly due to heterogeneity in interactions that are approximated within mean field model assuming all contacts are equally probable and strong. The importance of fluctuations and correlations among contacts of different strengths is also evident from the fact that α 2 cannot be approximated by α 2 1 , as discussed above. Furthermore, additional heterogeneity may arise from the variations between proteins due to different topologies (α, β, etc.), folding conditions, different melting temperatures and presence of designed proteins and mutants. These different sources of heterogeneity may be responsible for the low value of α 2 and somewhat higher value of α 1 = 0.9 for the master set of proteins. Thus, while topology alone with added corrections beyond ACO can explain about 80% of the variation in data, further improvement of correlation and accuracy of prediction would require careful modeling of interaction strengths, extending the model beyond mean-field approximation.
Next, we turned our attention to the chain length dependent metric provided by Thirumalai et al. which successfully explains rate dependence in both proteins and RNA. 5, 6 This provides an alternate approach to understand folding kinetics based on random systems rather than the native topology. We anticipate a possible inter-relation between the two. We seek to test a possible relation between our novel metric (0.92ACO − 0.84COC 1 − 0.1COC 2 , derived based on fitting master set of proteins including both two-state and multi-state folders) and protein chain length/number of amino acids (N). However, we do not use the protein kinetic data set to establish this, instead we use a more exhaustive set from PDB for this study. We sort monomeric proteins (7367 total) from PDB upon excluding mutants and proteins with complexes. We find our best fit metric 0.92ACO − 0.84COC 1 − 0.1COC 2 scales as N 0.54 with a high correlation (R 2 = 0.69; see Figure 5 ). The exponent of 0.54 is remarkably close to 0.5 predicted by Thirumalai 5 to determine folding speed. This suggests pure chain length dependence of folding speed still works at a global scale, although a better prediction can be achieved using more detailed metric based on native topology. This should be contrasted with RNA studies where the simple chain length scaling yields remarkably high correlation. 6 The implication is due to lack of specificity and heterogeneity, RNA can be better modeled with chain length alone unlike protein where the complexity of the topology matters. The purpose of this calculation is to not underestimate the role of Downloaded 26 Jul 2013 to 160.94.177.237. This article is copyrighted as indicated in the abstract. Reuse of AIP content is subject to the terms at: http://jcp.aip.org/about/rights_and_permissions topology and replace it by protein chain length. However, our goal is to investigate an inter-relation between the two and provide a simple chain length based metric, sacrificing the accuracy of the prediction, that may still be useful in large scale proteome wide applications 32 where native structures are not accessible.
In summary, our novel metric with corrections beyond ACO provides improved correlations for three databases: (i) two-state proteins without helical proteins, (ii) all two-state proteins, and (iii) multi-state proteins. In addition, the first principle derivation provides insights to different fit parameters and predicts a folding speed limit that is close to the expected value of 1 μs. The presence of the second order correction naturally explains the role of heterogeneity in native structure and the role of effective contact order. Finally, the novel metric significantly correlates with protein chain length over a large set of proteins from PDB providing insights and simple formula to make high throughput prediction of protein kinetics. Establishing the connection of our metric to seemingly different arguments provides a better understanding about the inter-relation between different approaches and hints at an universal mechanism and applicability of polymer physics principles to answer several protein properties at a large scale.
